Microbial community data are commonly subjected to computational tools such as correlation 1 networks, null models, and dynamic models, with the goal of identifying the ecological processes 2 structuring microbial communities. Researchers applying these methods assume that the signs and 3 magnitudes of species interactions and vital rates can be reliably parsed from observational data on 4 species' (relative) abundances. However, we contend that this assumption is violated when sample spatial scales of species interactions (micrometres) and those of typical microbial community samples 10 (millimetres to centimetres). These issues can be overcome by measuring and accounting for spatial 11 heterogeneity at very small scales, which will lead to more reliable inference of the ecological 12 mechanisms structuring natural microbial communities. 
our scenarios, these phenomena also apply to compositional (i.e., relative abundance) data, which are more commonly 57 collected in environmental marker gene surveys. To illustrate this point, consider a study that uses data obtained from bulk soil samples to infer the sign of 67 interspecific interaction between two fungal taxa. If the true nature of this interaction is competitive, then our results
68
are anticipated to reveal a negative correlation between the abundances of the two fungi. To add some realism to this 69 scenario, let us assume that each of our samples represent collections of discrete microhabitats on which our focal 70 taxa grow. Finally, we might also make the realistic assumption that both of our fungal taxa respond similarly to these 71 discrete microhabitats such that sub-optimal habitats support fewer individuals of both species. If we populate bulk 72 soil samples with random draws of simulated communities on each of three discrete microhabitat types (Fig. 1a) , we 73 find that even slight variation in the frequency distribution of these microhabitats within bulk samples leads to positive 74 correlations between our two taxa, contradictory to their true, competitive local interactions. Furthermore, by repeating 75 this experiment many times, each time re-assembling our bulk samples by populating them with equal numbers of 76 randomly-selected discrete microhabitat particles, we encounter an overwhelming majority of cases where the inferred 77 sign of interaction between our two taxa (positive) is the opposite of its true sign (negative) (Fig. 1b) 
99
From a theoretical perspective, context-dependence is hypothesized to be be a critical factor for maintaining 100 diversity in spatially-structured communities [29] . For instance, the abilities of two competing microbial strains 101 to coexist will be enhanced if the negative impacts of competition experienced by each strain are stronger in more 102 favourable habitat patches [29] . Given that microbial species richness appears to peak in particulate, heterogeneous 
where N i is the abundance of OTU i, µ i is its maximum per capita growth rate, and α ij is a parameter describing the
130
proportional change in its growth rate with conspecific or heterospecific densities. Values of α ij greater than zero imply 131 that OTU j has a positive effect on OTU i, which might stem from interactions such as syntrophy, whereas values less 132 than zero can signify interactions such as competition or chemical inhibition.
133
For illustrative purposes, let us simplify our problem of estimating competition among soil types by assuming that 134 only our single focal OTU occupies our habitats, and so is only capable of experiencing intraspecific competition. This array of individual particles, we obtain the equation
where N x are the local sub-populations of our focal OTU on habitat particle x.
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With a collection of population equations for our individual particles, we can now aggregate our local dynamics Here again, the black line denotes the local dynamics, G(N ), which equals the the spatial average when there is no variation among subpopulations. For this concave-down function, increasing the spatial variation causes the scaled-up carrying capacity, K * to be smaller than the local carrying capacity, Kx.
Recommendations moving forward

161
Despite the various ways in which spatial heterogeneity can subvert our interpretation or complicate our assessment of 162 microbial community interactions and dynamics, we are optimistic that these issues can be surmounted with prudent 
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The restrictive assumptions of most correlation network and null models hinder our reliable assessment of microbial of including environmentally-dependent growth parameters in gLV models is that these models can then be used to 187 quantify the effects of various coexistence-promoting mechanisms [29] . Context-dependent parameters also allow us to 188 investigate the effects of environmental change on microbial populations and communities.
189
The increasing use of gLV models in microbial ecology also prompts us to account for the effects of nonlinear term, and spatial variances and covariances: hold and a description of the spatial structure contained within a sample unit.
